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1 Introduction

A

application areas, such as text analysis [?], computer vision [?]

support vector machine (SVM) [?] is a supervised

learning method that is widely used in a variety of

and bioinformatics [?], [?]. The SVM model is a discriminative
model which tries to split the training data into the two classes
by creating a separating hyper-plane at the place where the
two classes are furthest apart. The class of a new data point is
predicted by determining which side of the hyper-plane it laid
on.

The main contributions include:

An interactive visualization method for exploring data
instances, SVM models and their relationships;

A visual analysis approach for model comparison and
selection, and;

A visual rule extraction method that allows the user

to extract rules that best interpret the models.

2 Related Work

The work presented in this paper is related to three broad
topics: 1) support vector machines; 2) visual exploration of

high-dimensional data, and; 3) visual classification.

2.1 Support Vector Machines
The SVM is currently regarded as state-of-the art in

classification techniques [?], and studies have revealed that
SVMs perform well when compared to other classification

techniques [?]. This performance can be partly attributed
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to the use of non-linear kernels which unfortunately make it
difficult to interpret the models. In addition, the production of
the boundary function is often quite difficult. Work by Wahba
et al. [?] explored the use of SVM functionals to produce
classification boundaries, exploring tradeoffs between the size
of the SVM functional and the smoothing parameters.

Rule extraction is an important component for the
interpretation of SVMs or other classification techniques [?],
[?]. Martens et al. [?] provided a comprehensive study on
rule extraction of SVMs. These methods commonly employ an
automatic optimization process and result in an axis-parallel
representation. However, the targets and interests may vary
according to the user and analysis tasks. It is likely that a
visual analysis process can enable the user to explore both the
input parameter space and the classification boundaries.

Unfortunately, there is little work that is dedicated to
visualizing SVMs. Caragea et al. [?] applied a projection
method to transform data instances onto 2-D space. The
separating hyper-plane is sampled in the data space, and
projected on to the 2-D plane. Hamel et al. [?] proposed to
visualize data instances and SVM models with self-organized
map (SOM). The work by Aragon et al. [?] utilized SVMs
as part of a visual analysis system for astrophysics, but
provided no general support for SVM exploration. As such,
past visualization work has focused on generating static

visualizations, and does not support interactive exploration.

2.2 Visual Exploration of High-Dimensional Data

One key challenge in opening up SVMs is the need
for high-dimensional data exploration methods. Recent work
in this area has utilized multi-dimensional projections to
map data instances in high-dimensional data space to the

low-dimensional (2-D) space. The key issue is how to explore
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the underlying dataset with informative projections. Previous
works, such as grand tour [?] and projection pursuit [?],
generate a series of projections that allow the user to
dynamically explore various lower dimensional projections of
the data in a systematic way in order to find a preferred
projection. Other exploration techniques facilitate the user
[?], [?]). Nam

et al. [?] proposed a projection navigation interface, where

with controls of the projection matrix (e.g.,

the exploration and navigation activities are decomposed into
five major tasks: sight identification, tour path planning,
touring, looking around & zoom into detail, and orientation
& localization. Additionally, an N-D touchpad polygon is
provided to navigate in high-dimensional space by adjusting
the combination of projection weights on each dimension.
Alternatively, high-dimensional data can be visualized
with [?],
(PCP) [?], [?] and radar charts [?].

also employed interactive exploration and navigation among

scatterplot matrix parallel coordinates plot

Previous work has

scatterplots to fill the gap between projections and axes-based
visualization techniques. Elmqvist et al. [?] presented an
interactive method to support visualization and exploration of
relations among different 2-D scatterplots in high-dimensional
space. Similarly, 3D navigation [?] on the basis of rigid body
rotation can be employed for viewing 3D scatterplot matrices.
The 3-D rotation interaction improves the user’s ability to
perceive corresponding points in different scatterplots for

comparisons.

2.3 Visual Classification

Some visual classification approaches, such as decision
and rule-based classifiers [?], [?], employ so-called “white-box
models”, with which the detailed process is easy to
understand. Teoh et al. [?] considered the process of
building decision trees as a knowledge discovery method,
and argued that visualization of the decision tree model
can reveal valuable information in the data. Elzen et al. [?]
presented a system for interactive construction and analysis
of desicion trees with operations including growing, pruning,
optimization and analysis.

Another category of works focuses on designing
model-transparent frameworks where the user is allowed to
provide training dataset and view the results. Thus, the
low-level classification techniques can be directly employed
without modification of the analytical process. Heimerl et
al. [?] proposed to make a tight integration of the user into
the labelling process and suggested an interactive binary

classifier training approach for text analysis. Hoferlin et al. [?]

presented a system to build cascade of linear classifiers for
image classification.

For open-box visual analysis approaches, one of the most
similar works to our approach is from Tzeng et al. [?]. It
combines several visualization designs for artificial neural
networks to open the black box of underlying dependencies
between the input and output data. Unlike our interactive
visual analysis approach, their open-box scheme is limited to
present a static visualization of the model structure and does
not provide means of data exploration and interpretation of

classification process.

3 An Introduction to SVM Classification

Given a set of training data points each with m attributes
and an associated class labels, the SVM attempts to separate
these points by a (m — 1)-dimensional hyperplane. In this

section, we will briefly describe this process with the help of

Figure 1.
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Suppose that x; € R™,i = 1,2,...,n are n training

data instances in two different classes, and y; € {—1,+1},7 =
1,2,...,n are their corresponding class labels. A linear
support vector machine aims to construct a hyper-plane

wie+b=0 (1)
in the m-dimensional data space R™ that has the largest

distance to the nearest training data instances of each class

(which is called “a functional margin”).
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Equation 1 can be solved by computing the following
optimization problem:
1 n
. T
= C i 2
PRI ®

subject to yi(wT:I:i +b0)>1-&,6>0,i=1,...,n.

where C' is a user-adjustable parameter to control the
relative importance of maximizing the margin or satisfying the
constraint of partitioning each training data instances into the
correct half-space. The dual problem of Equation 2 is derived
by introducing Lagrange multipliers a;:

n

1
m1n§ Z iy K (s, ) — Zai (3)

i,j=1 i=1
n
subject to Y vy =0,0<a; <Chi=1,...,m.
i=1
Here, K(xz;s,xj) = @(x:)P(x;) = (P(xs)P(x;)) is called
the kernel function. For a linear SVM, its kernel is the dot
product of ; and x;, i.e., K (2, ;) = @, ;. Support vectors
are those training data instances xs whose corresponding
Lagrange multipliers is above zero. Finally, the decision

function for classifying a new data instance & is:

§=sen(d_yiaidi +b). (4)

i=1

4 Overview

5 Open-box Visual Modeling for SVMs
5.1 Visualization of Data Instances and the SVM Model
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6 Visual Model Comparison and Selection

6.1 Visualization and Visual Comparison of Multiple
Models
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